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Recent studies conclude that teachers are important for student learning but it remains 
uncertain what actually determines effective teaching. This study directly peers into the black 
box of educational production by investigating the relationship between lecture style teaching 
and student achievement. Based on matched student-teacher data for the US, the estimation 
strategy exploits between-subject variation to control for unobserved student traits. Results 
indicate that traditional lecture style teaching is associated with significantly higher student 
achievement. No support for detrimental effects of lecture style teaching can be found even 
when evaluating possible selection biases due to unobservable teacher characteristics. 
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Recent studies stress the importance of teachers for student learning. However, the ques-
tion, what actually determines teacher quality, i.e. what makes one teacher more successful
in enhancing her students' performance than another, has not been settled so far (Aaronson
et al., 2007). Di®erent categories of teacher variables have been analyzed. Some studies
focus on the impact of a teacher's gender and race on teacher quality (Dee, 2005, 2007).
Others try to uncover the relationship between student outcomes and teacher quali¯cations
such as teaching certi¯cates, other paper quali¯cations or teaching experience (Kane et al.,
2008). Such observable teacher characteristics are, however, generally found to have only
little impact on student achievement and can only explain a relatively small part of overall
teacher quality (Aaronson et al., 2007; Rivkin et al., 2005). Most of the variation in teacher
quality can be attributed to unobserved factors.1
While most of these studies focus on characteristics of the teacher, this paper directly
peers into the black box of educational production by focusing on the actual teaching
process. More speci¯cally, we contrast traditional lecture style teaching with teaching based
on in-class problem solving and investigate the impact on student achievement. Lecture
style teaching is often regarded as old-fashioned and connected with many disadvantages:
Lectures fail to provide instructors with feedback about student learning and rest on the
presumption that all students learn at the same pace. Moreover, students' attention wanes
quickly during lectures and information tends to be forgotten quickly when students are
passive. Finally, lectures emphasize learning by listening, which is a disadvantage for
students who prefer other learning styles. Alternative instructional practices based on
active and problem-oriented learning presumably do not su®er from these disadvantages.
National standards (NCTM, 1991; National Research Council, 1996) consequently advocate
engaging students more in hands-on learning activities and group work. Despite these
recommendations traditional lecture and textbook methodologies continue to dominate
science and mathematics instruction in US middle schools (Weiss, 1997). This raises the
question whether the high share of total teaching time devoted to traditional lecture style
presentations has a detrimental e®ect on overall student learning.
By addressing this question, this study adds to the literature analyzing the impact
of teaching process variables such as teaching practices on student outcomes.2 Despite
1This ¯nding led researchers, concerned with providing recommendations for recruitment policies and
designing optimal teacher pay schemes, to suggest to identify e®ective teachers by their actual performance
on the job using \value added" measures of student achievement (Gordon et al., 2006).
2For an overview see Goe (2007).
1the importance of teaching practices for student performance as recognized by educational
researchers (Seidel and Shavelson, 2007) and their potential relatively low-cost implemen-
tation, economists have only recently begun to analyze the impact of teaching methods
on student achievement.3 Various dimensions of teaching practices have been shown to
be able to explain a large share of the between-teacher variation in student achievement
(Schacter and Thum, 2004). However, to our knowledge no rigorous empirical analysis of
the impact of lecture style teaching on overall student achievement exists.
To study the e®ect of lecture style teaching, we construct the share of e®ective teaching
time, that is time in class devoted to either lecture style presentation or in-class problem
solving, using information on in-class time use provided by teachers in the 2003 wave of
the Trends in International Math and Science Study (TIMSS) in US schools. Estimating a
reduced form educational production function and exploiting between-subject variation to
control for unobserved student traits, we ¯nd that the choice of teaching practices matters
for student achievement. We ¯nd that a 10 percentage point shift from problem solving to
lecture style presentation results in an increase in student achievement of about 1 percent
of a standard deviation.
This result is highly robust. Consistent with other studies in this literature, we ¯nd no
evidence for signi¯cant e®ects of commonly investigated observable teacher characteristics
such as teaching certi¯cates or teaching experience. While we are able to control for a huge
array of observable teacher traits, selection of teachers based on unobservable characteris-
tics into teaching methods remains an issue. The bias resulting from potential selection of
teachers with di®erent unobservable attributes into di®erent teaching methods is assessed
following the technique pioneered in Altonji et al. (2005). The results indicate that only
relatively low selection on unobservables compared to the selection on observables is neces-
sary to explain the entire estimated e®ect. We would thus not formulate policy conclusions
that call for more lecture style teaching in general. However, a negative causal e®ect of
lecture style presentation that is hidden in our results due to selection based on unob-
served teacher traits can only exist if \good" teachers (teachers with favorable unobserved
characteristics) predominately select themselves into an inferior teaching technique. This
scenario, however, lacks any intuitive or theoretical support and thus appears extremely
implausible. We therefore conclude that the high share of total teaching time devoted
3Brewer and Goldhaber (1997) and Aslam and Kingdon (2007) analyze the impact of many di®erent
teaching methods. Rouse and Krueger (2004), Banerjee et al. (2007), and Barrow et al. (2009) investigate
the e®ectiveness of computer-aided instruction and Machin and McNally (2008) analyze an education
policy that changed reading instruction.
2to traditional lecture style teaching in science and mathematics instruction in US middle
schools has no detrimental e®ect on overall student learning. This ¯nding implies that
attempts to reduce the amount of traditional lecture style teaching in US middle schools
have little potential for raising overall achievement levels.
The remainder of the paper is structured as follows: the following section reviews the
literature on teaching practices. Section 3 presents the data. Section 4 describes the
estimation strategy. Headline results are presented in Section 5, while Section 6 provides
a sensitivity analysis. Section 7 concludes.
2 Literature on Teaching Practices
A majority of studies considering teaching practices do not focus on a speci¯c teaching
practice. They rather analyze the relationship between a teacher's evaluation score on
a standard-based teacher evaluation system and student achievement.4 Most of these
studies ¯nd that evaluation scores are correlated with student achievement. Similarly,
Jacob and Lefgren (2008) analyze the relationship between the school principal's evaluation
of a teacher and the part of actual achievement gain students have because they are taught
by this teacher. The authors also ¯nd a relationship between the evaluation and teacher
e®ectiveness. The di®erent evaluation schemes certainly measure a part of teacher quality.
Nevertheless, when analyzing the relationship between an evaluation score and student
achievement it is unclear, which part of the evaluated practices is (most) important for the
student outcome.
This problem also arises in some other studies that look at the impact of di®erent
categories of practices on student achievement. Smith et al. (2001) analyze if didactic
or interactive teaching methods are more e®ective in teaching elementary school children.
They ¯nd that interactive teaching is associated with higher gains in test scores. McGa®rey
et al. (2001) and Cohen and Hill (2000) analyze whether students have higher test scores
in math if their teacher uses methods in accordance with a teaching reform promoted by
the National Science Foundation. Machin and McNally (2008) analyze the e®ect of the
introduction of the \literacy hour" in English primary schools in the late 1990s by the
British government. This policy intervention changed the practice of teaching primary
students how to read. Using the fact that not all schools started the literacy hour at
the same point in time in a di®erence-in-di®erence framework, the authors show that
4For example Borman and Kimball (2005), Gallagher (2004), Heneman et al. (2006), Holtzapple (2003),
Kimball et al. (2004), Milanowski (2004), Matsumura et al. (2006) and Schacter and Thum (2004).
3the literacy hour signi¯cantly increased reading skills for low ability student while high
ability students were not a®ected. Again, didactic and interactive methods and traditional
practices are measured at an aggregated level encompassing di®erent teaching practices.
The authors estimate an e®ect of a teaching style but not of a single teaching practice.
Most studies that analyze speci¯c practices either focus on the impact of speci¯c com-
puter programs or analyze the e®ects of assignments and grading practices. The impact
of computer-aided instruction on student achievement is analyzed by several studies that
use random assignment to computer instruction as variation for identi¯cation. Rouse and
Krueger (2004) analyze 3rd to 6th grade students in four schools in a US urban school dis-
trict who were randomly assigned to learn with a computer program designed to increase
language and reading skills. They do not ¯nd large signi¯cant e®ects of this program on
literacy. Banerjee et al. (2007), on the other hand, ¯nd signi¯cant e®ects of a computer-
assisted instruction program on achievement in math for primary school students in India.
Barrow et al. (2009) also ¯nd signi¯cant e®ects of computer-aided instruction on student
achievement in math. Classes in three districts in the US were randomly assigned to study
math either in the computer lab with a special computer-aided instruction program for
algebra and pre-algebra or in traditional classrooms with \chalk and talk" methods. The
authors ¯nd that students in the computer lab classes did signi¯cantly better than students
in the traditional classes in terms of achievement gains. Larger classes, classes with higher
rates of absenteeism and more heterogeneous classes seem to bene¯t more from computer-
aided instruction. This is interpreted as evidence that the individualization of instruction
is the mechanism through which computer-aided instruction raises achievement.
Matsumura et al. (2002) look at the e®ect the quality of assignments has on student
achievement. Using hierarchical linear modeling they ¯nd that a small part of student
test score variance can be predicted by assignment quality. The relationship between
assignments and student achievement is also analyzed by Newmann et al. (2001). The
authors ¯nd that more intellectually challenging assignments are related to higher gains
in test scores. Wenglinsky (2000, 2002) uses multilevel structural equation modeling to
analyze the impact of di®erent teaching practices on student test scores in math and science.
He ¯nds that the use of hands-on learning activities like solving real world problems and
working with objects, an emphasis on thinking skills, and frequent testing of students
are positively related to students' test scores taking into account student background and
prior performance. Some evidence for the e®ectiveness of frequent student assessment is
also found by Kannapel et al. (2005): High-performing high-poverty schools in Kentucky
4payed more attention to student assessment than other high-poverty schools. Bonesr¿nning
(2004) looks at a di®erent aspect of student assessment. He analyzes if grading practices
a®ect student achievement in Norway and ¯nds evidence that easy grading deteriorates
student achievement.
More closely related to this paper in terms of the teaching practices analyzed and identi-
¯cation strategy are the analyses by Brewer and Goldhaber (1997) and Aslam and Kingdon
(2007). Brewer and Goldhaber (1997) estimate di®erent speci¯cations of education produc-
tion functions for tenth grade students in math with data from the National Educational
Longitudinal Study of 1988. They conclude that teacher behavior is important in explain-
ing student test scores. Controlling for student background, prior performance and school
and teacher characteristics, they ¯nd that instruction in small groups and emphasis on
problem solving lead to lower student test scores.
Aslam and Kingdon (2007) analyze the impact of di®erent teaching process variables
on student achievement in Pakistan. Their identi¯cation strategy rests on within pupil
across subject (rather than across time) variation, which is similar to the identi¯cation
strategy employed in this analysis. They ¯nd that students taught by teachers who spend
more time on lesson planning and by teachers who ask more questions in class have higher
test scores.
Similarly to Brewer and Goldhaber (1997) and Aslam and Kingdon (2007), this study
focuses on the impact of a single teaching practice rather than a general teaching style.
As in Brewer and Goldhaber (1997) problem solving is included in the analysis. But it
is not taken as the mainly analyzed teaching practice. Instead we focus on the e®ect of
spending time on lecture style presentation compared to time spent on problem solving.
Since lecture style presentation and problem solving could be classi¯ed as belonging to
di®erent teaching styles this study also relates to other literature that compares the e®ects
of di®erent teaching styles.
3 Data
The data used in this study is the 2003 wave of the Trends in International Math and
Science Study (TIMSS). In this study we focus on country information for the US. In
TIMSS, students in 4th grade and in 8th grade were tested in math and science. We limit
our analysis to 8th grade students, because 4th grade students are typically taught by one
teacher in all subjects.
We standardize the test scores for each subject to be mean 0 and standard deviation 1.
5In addition to test scores in the two tested subjects, the TIMSS data provide background
information on student home and family. For the purpose of this analysis it is crucial that
TIMSS allows linking students to teachers. Each student's teachers in math and science
are surveyed on their characteristics, quali¯cations and teaching practices. Additionally,
school principals provide information on school characteristics.
The key variable of interest in this paper is derived from question 20 in the teacher
questionnaires in the 2003 wave of TIMSS. Unfortunately, this precise question was not
asked in previous waves of TIMSS. We therefore limit our analysis to the 2003 wave.
Teachers are asked in 2003 to report what percentage of time in a typical week of the speci¯c
subject's lessons students spend on certain in-class activities. These activities include
reviewing homework, listening to lecture style presentation, working on problems with the
teacher's guidance, working on problems without guidance, listening to the teacher reteach
and clarify content, taking tests or quizzes, classroom management and other activities.
Out of these 8 categories, we classify listening to lecture style presentation and working
on problems with and without guidance as e®ective teaching time. E®ective teaching time
is meant to proxy for time in which students are taught new material. The percentage of
time spent on e®ective teaching is included as a control in all speci¯cations.
The primary interest of this study is to contrast time devoted to lecture style presenta-
tion with in-class teaching time used for problem solving. The latter includes both students
solving problems on their own and solving problems with teachers' guidance. We therefore
construct a variable measuring the share of e®ective teaching time devoted to lecture style
presentation. An increase in this variable of 0.1 indicates that 10 percentage points of total
e®ective teaching time are shifted from teaching based on problem solving to lecture style
presentation.
The TIMSS 2003 US data set contains student-teacher observations on 8,912 students
in 232 schools. 41 of those students have more than one teacher in science. These students
are not included in the estimation sample. 8,871 students in 231 schools in 455 math classes
taught by 375 di®erent math teachers and in 1,085 science classes taught by 475 di®erent
science teachers remain in the sample. Not all of the students and teachers completed their
questionnaires. In order not to loose a large amount of observations we impute missing
values of all control variables and include indicators for imputed values in all estimations.5
5Experimenting with di®erent imputation procedures revealed that our main results do not depend
on the method of imputation. Main results remain also qualitatively unchanged when simply deleting
observations with missing values. Results presented in the paper are based on a simple mean-imputation
procedure.
62,561 students have, however, missing information on our teaching practice variable of
interest. These observation are dropped from the analysis. 6,310 students in 205 schools
with 639 teachers (303 math teachers and 355 science teachers, where 19 teachers teach
both subjects) remain in the sample.
Furthermore due to the sampling design of TIMSS, students are not all selected with
the same probability. A two stage sampling design makes it necessary to take probability
weights into account when estimating summary statistics (Martin, 2005). All estimation
results take the probability weights into account and allow for correlation between error
terms within schools.6
Table 1 reports descriptive statistics on observable teacher characteristics separately for
math and science teachers. Mean di®erences are reported in the last column of table 1. The
share of teachers with math or science majors naturally di®ers between those two groups.
Apart from mean di®erences in majors only a few other variables are signi¯cantly di®erent
between the two groups. The same is true for class characteristics. Mean di®erences
between classes in science and math are reported in table A-1 in the appendix. To control
for the potentially confounding impact of these di®erences in observable class and teacher
characteristics, we include all variables presented in tables 1 and A-1 in our empirical
analysis.
4 Estimation Strategy
To estimate the e®ect of e®ective teaching devoted to lecture style presentation we estimate
a standard education production function:








ijk¯4j + ²ijk: (1)
The test score, Yijk, of student i in subject j in school k is explained by student
background characteristics, Bijk, school characteristics, Sik and teacher characteristics,
quali¯cations Tijk and a vector TPijk including teaching process variables. This analysis
limits its focus on two process variables: the share of e®ective teaching time devoted to
lecture style presentation and the share of total time spent on e®ective teaching. The error
term, ²ijk, contains all unobservable in°uences on student test scores. In particular, it
contains the e®ects of unobservable student, ¹i , teacher, »j, and school characteristics, ºk:
6In addition, the two step procedure of sampling could be incorporated in the estimation of standard
errors. For simplicity, we ignore the latter in the following analysis which then gives us conservative
estimates of the standard errors.
7²ijk = ¹i + »j + ºk + Ãijk (2)
Estimating equation (1) by ordinary least squares produces biased estimates if unob-
served school characteristics, ºk, and TPijk are correlated. This could be the case if the
choice of a particular teaching practice is partly determined by the school and if there
exists sorting of high ability students and e®ective teachers into schools.
To eliminate the e®ects of between-school sorting, we use school ¯xed e®ects, sk, to ex-
clude any systematic between-school variation in performance or teaching practice, what-
ever its source:
Yijk = cj + B
0




ijk¯4j + ¹i + »j + Ãijk: (3)
The estimates produced by equation (3) could still be biased by within-school sorting
wherever schools have more than one class per subject per grade. We therefore eliminate
the in°uence on constant student traits by di®erencing between subjects:
¢Yi = cm ¡ cs + B
0
i(¯1m ¡ ¯1s) + S
0










where ¢Yi = Yim ¡ Yis and ´i = »m ¡ »s + Ãim ¡ Ãis.
In our headline speci¯cation we follow Dee (2005, 2007) by assuming that coe±cients
for each variable are equal across the two subjects:7
¢Yi = ¢T 0
i¯3 + ¢TP 0
i¯4 + ´i: (5)
The estimate of the e®ect of teaching practice on student achievement produced by
equation (5) is not biased due to between or within school sorting of students based on
unobservable student traits. We do, however, have to make the identifying assumption
that unobservable teacher characteristics that directly in°uence student achievement are
not related to the choice of the teaching method. In other words, ´i is uncorrelated with all
other right-hand side variables. This is a strong assumption and we, therefore refrain from
interpreting ¯4 as causal e®ect. We rather interpret ¯4 as a measure for the link between a
teaching practice and student achievement that is not driven by between or within school
7We do, however, estimate equation (4) as a robustness check.
8sorting of students. It might, however, be partly driven by sorting of teachers into a special
teaching method based on unobservable teacher traits.
We evaluate the concern of selection on unobservables by borrowing a procedure from
Altonji et al. (2005) which allows to evaluate the bias of the estimate under the assumption
that selection on unobservables occurs to the same degree as selection on observables. For
the following, let Lecture denote our variable of interest: the percent of e®ective teaching
time spent on giving lecture style presentations and ¯4 its coe±cient. As developed in the
appendix in our application the asymptotic bias of b ¯4 is
Bias(c ¯4) =
Cov( ^ ¢Lecture;´)
V ar( ^ ¢Lecture)
=
Cov(¢Lecture;´)
V ar( ^ ¢Lecture)
(6)
where ^ ¢Lecture is the residual of a linear projection of ¢Lecture on all other control
variables, now represented by T. The second equality holds if the other controls (T) are
orthogonal to ´. The condition that selection on unobservables is equal to selection on







Equation (7) can be used to estimate the numerator of the bias of b ¯4, once we have
consitent estimates for ¯3. Under the assumptions that the true e®ect of lecture style
teaching is zero and again that T is orthogonal to ´, ¯3 can be consistently estimated (see
appendix).
The estimated bias displays the e®ect we would estimate even if the true e®ect was
zero when selection on unobservables is as strong as selection on observables. In addition,
we report the ratio of the estimated ¯4 from equation (5) and the estimated bias giving
a hint of how large selection on unobservables would have to be compared to selection on
observables to explain the entire estimated e®ect. A value higher than one indicates that
selection of unobservables needs to be stronger than selection on observables to explain the
entire estimate, in case of a ratio lower than one already weaker selection on unobservables
than on observables su±ces to explain the entire estimate.
95 Results
Estimates of the e®ect of teaching practices based on the di®erent methods advanced in
Section 4 are presented in Tables 2 and 3. Each regression is performed at the level of the
individual student and each of the estimations also takes into account the complex data
structure produced by the survey design and the multi-level nature of the explanatory
variables.
Table 2 reports results from estimating equation (1) and equation (3). We estimate both
equations separately for math and science. Columns 1 and 3 present regressions results
for math and science based on equation (1). These regressions include a complete set
of student- and family-background variables, controls for teacher and class characteristics
as well as characteristics of the school. Given the purpose of this study, only estimated
coe±cients for the teaching practice variable of interest and selected teacher characteristics
are reported.
Our key variable of interest, the share of e®ective teaching time devoted to lecture style
presentation, is estimated to have a positive impact on test scores in both subjects. In
math the estimate is highly signi¯cant, while the estimate in science falls short of achieving
statistical signi¯cance at any common signi¯cance level.
As discussed in the previous section, these results might be confounded by between
school sorting based on unobservable characteristics of students. Column 2 and 4 therefore
report estimation results based on equation (3), which includes school ¯xed e®ects. Lecture
style presentation is now highly signi¯cant in science and the point estimate signi¯cantly
increased compared to column 3. The estimate in math, however, did not change but lost
its statistical signi¯cance due to increased standard errors.
To gain statistical power we pool both estimation samples and estimate equations (1)
and (3) with the joint sample. This approach assumes that the e®ects of all right-hand side
variables are identical in both subjects. Based on this estimation sample the relationship
between more lecture style presentation and test scores is positive and signi¯cantly di®erent
from zero in both speci¯cations.
The evidence presented in table 2 suggests a positive relation between more lecture
style presentation and student achievement. However, within school selection of students
based on unobservable student characteristics might drive this relationship. For instance,
it is reasonable to assume that teachers adjust their teaching style according to class
composition and average student ability. We therefore di®erence out unobserved constant
student traits by taking between-subject di®erences of test scores and all right-hand side
10variables as presented in equation (5).
Table 3 presents estimation results of the between-subject di®erences approach. We
start out with a very basic speci¯cation without further controls in column 1 and suc-
cessively add more controls that vary between subjects to account for subject-speci¯c
di®erences. In particular column 6 presents our headline results. In this speci¯cation we
additionally control for all observable teacher and class characteristics presented in tables
1 and A-1. It is quite astonishing to see that adding more control variables in the between-
subject speci¯cation leaves our estimate for the e®ect of more lecture style teaching almost
unchanged. Moreover, in contrast to all other control variables the share of lecture style
teaching is estimated to be statistically signi¯cant throughout all speci¯cations presented
in table 3. However, the magnitude of the estimated coe±cient decreased in comparison
to the regression results presented in table 2. This indicates that within school sorting
matters for the estimation of teachers' choice variables such as the degree of lecture style
teaching. Estimates for the e®ect of more lecture style teaching on student learning in
table 3 range from 0.13 to 0.1. Our headline estimate is reported in column 6 with an
estimated size of 0.1. This parameter suggests that a 10 p.p. increase in the share of
e®ective teaching time devoted to lecture style teaching is associated with an increase in
student test scores of 1 percent of a standard deviation.
In turn, our results imply a negative correlation between more in-class problem solving
and student achievement. This ¯nding is consistent with evidence on instruction based on
problem solving and student learning presented in Brewer and Goldhaber (1997). More-
over, time devoted to in-class problem solving is positively correlated with a categorial
variable included in the TIMSS data that indicates the amount of group work done in
class. This suggests a link between group work and student achievement, which would
also be consistent with the results of Brewer and Goldhaber (1997) regarding instruction
in small groups.
Furthermore, results presented in tables 2 and 3 indicate that for none of the other
commonly investigated teacher characteristics a signi¯cant and robust impact on student
achievement can be found. This is in line with previous ¯ndings in this literature and
emphasizes the importance of the statistical signi¯cant relationship between more lecture
style teaching and student achievement.
As pointed out in the previous section, estimates might still be biased due to selection
of teachers into more (or less) lecture style teaching based on unobservable teacher char-
acteristics. This concern is fostered by previous ¯ndings in the literature that emphasize
11the importance of unobservable teacher traits for student achievement. This raises the
question: How can these results be interpreted?
The bias and ratio at the end of table 3 allow us to shed some light on the question of
the in°uence of unobservables. The underlying assumption for the estimation of each bias
is that selection on unobservables occurs to the same degree as selection on observables.
As from left to right in table 3 the number of included controls increases, the potential
for selection on unobservables increases and thus the estimated bias gets larger. In all
columns the estimated bias is larger than the point estimate of the impact of lecture style
teaching on student test scores. This is re°ected in the ratios at the end of each column
that are always smaller than one, indicating that selection on unobservables that is weaker
than selection on observables su±ces to explain the entire estimated coe±cient. In our
headline speci¯cation in column 6 selection on unobservables that is only 0.04 times as
strong as selection on observables would explain the entire estimated coe±cient given that
the true e®ect is zero. On the one hand, we have included a great amount of control
variables so that we believe that selection on unobservables is likely weaker than selection
on observables. On the other hand only very little selection on unobservables compared to
the selection on observables su±ces to explain the entire e®ect. Given this uncertainty, we
refrain from interpreting the results as evidence for a causal e®ect as the positive coe±cient
could also re°ect selection of teachers with desirable unobserved characteristics into lecture
style teaching.
This raises another question: Why would teachers with di®erent desirable unobserved
characteristics select di®erent degrees of lecture style teaching? While a reduced form ap-
proach of educational production cannot mirror the full complexity of the choices involved
in the teaching process, we are, nevertheless, able to pin down the relationship between
potential selection based on unobserved teacher traits and the causal e®ect of lecture style
teaching as our estimation approach eliminated all other likely biases. If no selection based
on unobservable teacher traits exists, our estimates speak for a positive e®ect of lecture
style teaching. Our estimates might, however, be biased upwards if teachers with desirable
unobserved characteristics more frequently base their instruction on lectures. Theoreti-
cally, this selection bias could be large enough to hide a true negative e®ect of lecture
style teaching, which would imply that teachers with desirable unobserved characteristics
predominately select themselves into an inferior teaching practice. This scenario, however,
lacks any intuitional or theoretical support. We thus argue that this scenario is highly
implausible and can be excluded, which allows a conservative interpretation of our results:
12We ¯nd no evidence for any detrimental e®ect of lecture style teaching on overall student
learning.
6 Robustness Checks
This section tests the sensitivity of the results presented in section 5 with respect to
other de¯nitions of the lecture style variable and with respect to speci¯cations allowing for
heterogenous e®ects. The results of these robustness checks are presented in table 4.
As our grouping of the response categories available to the teacher in question 20 of
the 2003 teacher questionnaires in TIMSS could be criticized, we provide evidence on the
e®ect of interest based on di®erent approaches to construct the lecture style variable. We
test four alternative de¯nitions of the lecture style variable with corresponding estimation
results presented in each of the four columns of the upper panel of table 4.
In column 1 time spent re-teaching and clarifying content/procedures is included in
e®ective teaching and in lecture style teaching. In column 2 e®ective teaching time includes
taking tests or quizzes in addition to giving lecture style presentation and problem solving.
Lecture style teaching in column 2 is de¯ned in relation to the latter three. In column 3
we decompose the e®ective teaching time into its elements and separately control for each
category. In column 4 lecture style is de¯ned as the percent of overall time in class spent
on giving lecture style presentation.
The coe±cients in the upper panel of table 4 reveal that rede¯ning our key variable of
interest does not change the estimated impact of more lecture style teaching on student
achievement. Only the estimate in the fourth column just falls short of achieving statistical
signi¯cance (p-value .112). Note however, that in column four we directly compare lecture
style teaching with all other possibilities of in-class time use. Naturally taking tests, re-
viewing homework and classroom management are very di®erent aspects of the teaching
process. A successful teaching strategy requires an optimal mix of all these categories.
While the main purpose of this study is to analyze the teaching of new material by giving
lecture style presentations rather than by letting pupils solve problems, it is reassuring
to see that increasing the total amount of time in class devoted to lecture style presen-
tations (without de¯ning e®ective teaching time) is also associated with higher student
achievement.
Additionally, we present evidence for various sub-samples in the middle panel of table
4. In column 1 and 2 we estimate equation (5) for pupils with the same peers in math and
science and pupils with di®erent peers, respectively. This distinction is motivated by the
13concern that the main e®ect might be driven by di®erences in the classroom composition. In
the sub-sample with identical peers in both subjects our within-student between-subject
identi¯cation strategy takes care of any potential peer e®ects. Note that, while both
estimates lack signi¯cance, the estimated coe±cient in column 1 even exceeds our headline
estimate, while the estimate in the sub-sample with di®erent peers decreases to .08. Hence,
our headline estimate does not hide signi¯cantly di®erent e®ects of lecture style teaching
in these two sub-groups.
Column 3 and 4 of the middle panel of table 4 report estimates separately for students
in schools where either no or both subjects are tracked by ability and for students in schools
where tracking on ability exists in only one of the two subjects. This distinction is moti-
vated by the consideration that tracking on ability might induce teachers to chose di®erent
degrees of lecture style teaching. The results indicate that the positive association be-
tween more lecture style teaching and student achievement is indeed less pronounced when
looking at schools with identical tracking policies in both subjects. The point estimate is,
however, again positive, but insigni¯cant.
In the lower panel of table 4 we speci¯cally investigate subject-speci¯c e®ects. Column
1 and 2 presents estimation results from estimating versions of equation (4), where we
abandon the assumption that coe±cients for each right-hand side variable are equal across
subjects. As all science variables enter negatively on both sides of equation (4), a negative
coe±cient for any variable in science masks a positive relationship between the variable and
science test scores. All estimates thus have the expected signs. They are not statistically
signi¯cant for science, though. We thus ¯nd evidence for a stronger e®ect of lecture style
teaching in math.
In sum, we ¯nd positive relationships between more lecture style teaching and student
achievement in all robustness analyses. The magnitude of the estimated e®ects varies
between speci¯cations and between sub-samples. The latter ¯nding indicates that there
exists indeed a substantial variation in the positive association between more lecture style
teaching and student achievement. We also ¯nd no evidence for a detrimental e®ect of
lecture style teaching.
7 Conclusion
Existing research on teacher quality allows two conclusions: First, there exists a large
variation in teachers' ability to improve student achievement. Second, this variation cannot
be explained by common, observable teacher characteristics. The results presented in
14this study con¯rm that these observable teacher characteristics have little potential for
explaining the variation in student achievement. We provide, however, new evidence on a
signi¯cant link between teaching practice and student achievement.
The speci¯c teaching practice variable analyzed in this paper is the share of e®ective
teaching time devoted to lecture style presentation (in contrast to in-class problem solving).
We construct this variable based on information on in-class time use provided by teachers
in the 2003 wave of the Trends in International Math and Science Study (TIMSS) in US
schools. Exploiting between-subject variation to control for unobserved student traits and
estimating a reduced form educational production function, we ¯nd that a 10 percentage
point shift from problem solving to lecture style presentation results in an increase in
student achievement of about one percent of a standard deviation. We further show that
this result is extremely robust to de¯nitional changes in the construction of the main
variable of interest as well as to speci¯cations allowing for heterogenous e®ects.
This ¯nding suggests that students taught by teachers, who devote more e®ective teach-
ing time to lecture style presentation rather than letting students solve problems on their
own or with the teacher's guidance, learn more (in terms of competencies tested in the
TIMSS student achievement test). This result stands in contrast to constructivist the-
ories of learning. It is, however, in line with previous ¯ndings in the literature (Brewer
and Goldhaber, 1997) showing that instruction in small groups and emphasis on problem
solving lead to lower student test scores.
We emphasize, however, that our results demand a careful interpretation and need to
be taken for what they are: Evidence for a positive association between more time devoted
to lecture style teaching and student achievement that is neither driven by selection of
particular students into schools or classes nor by selection of teachers based on various
observable characteristics into a particular teaching method. However, selection based on
unobservable teacher characteristics remains a worry. Following the method developed in
Altonji et al. (2005), we show that only a relatively small selection based on unobservables
su±ces to explain the entire estimated coe±cient. We thus refrain from formulating any
policy conclusions that call for more lecture style teaching in general.
We are nevertheless able to draw an important conclusion about the nature of the causal
e®ect of lecture style teaching on student achievement as we eliminated any potential bi-
ases arising from sorting of students, di®erences in schools and observable di®erences in
teacher traits in our empirical approach. The existence of a sizeable negative causal e®ect
of lecture style teaching would only be consistent with our results if teachers with favor-
15able unobserved characteristics predominantly select themselves into an inferior teaching
practice. Such a scenario, however, lacks any intuitional and theoretical support. We can
thus exclude the possibility of a sizeable detrimental e®ect of lecture style teaching in math
and science instruction on overall student achievement in US middle schools.
We believe that this result is relevant for the debate on optimizing the teaching process.
Various dimensions of teaching practices have been shown to matter for student achieve-
ment. Moreover, the low-cost implementation of changes in the teaching process compared
to other policy measures designed to foster student learning makes improvements in the
teaching process particularly appealing. There exists, however, little consensus about what
measures could improve the teaching process. Reducing the amount of traditional instruc-
tion based on lecture style teaching is typically a key candidate. Lectures are potentially
connected with many disadvantages and might therefore be an inferior teaching method.
National standards (NCTM, 1991; National Research Council, 1996) also advocate engag-
ing students more in hands-on learning activities and group work but traditional lecture
and textbook methodologies remain dominant in science and mathematics instruction in
US middle schools. This raises the concern that the high share of total teaching time
devoted to traditional lecture presentations has a detrimental e®ect on overall student
learning in US middle schools. Our results, however, show that there exists no empirical
support for this concern. Moreover, while reducing traditional lecture style teaching might
have bene¯cial e®ects on non-cognitive outcomes or cognitive outcomes not measured by
TIMSS test scores, our ¯ndings imply that policies designed to reduce the amount of tradi-
tional lecture style teaching in US middle schools contain little potential for raising overall
achievement levels in math and science.
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20Appendix
Selection on unobservables following Altonji et al. (2005)
Formally, in our application the assumption that selection on unobservables occurs to the
same degree as selection on observables as imposed by Altonji, Elder and Taber (2005) can
be stated as:
Proj(¢Lecturej¢T¯3;´) = Á0 + Á¢T0¯3¢T
0¯3 + Á´´ (8)
with Á¢T0¯3 = Á´ (9)
Where ¢Lecture captures the between subject di®erences in the percent of e®ective
teaching time devoted to lecture style presentation and ¯4 indicates its coe±cient while T
includes all other k control variables (Teacher characteristics and e®ective teaching time
as well as class characteristics) and ¯3 is a kx1 vector of coe±cients. When ¢T 0¯3 is







We proceed now to answer the question how large selection on unobservables relative
to selection on observabels would have to be in order to explain the entire estimate of
¯4 under the assumption that the true ¯4 is 0. Following Altonji et al. (2005) we regress
¢Lecture on ¢T, to get
¢Lecture = ¢T
0± + ^ ¢Lecture:
Plugging this into our equation (5) yields:
¢Y = c + ¢T 0(¯3 + ± ¤ ¯4) + ^ ¢Lecture
0
¯4 + ´ (11)
As ^ ¢Lecture is by construction orthogonal to ¢T the probability limit of b ¯4 can be
written as
plim b ¯4 = ¯4 +
Cov( ^ ¢Lecture;´)
V ar( ^ ¢Lecture)
where
Cov( ^ ¢Lecture;´)
V ar( ^ ¢Lecture)
=
Cov(¢Lecture;´)
V ar( ^ ¢Lecture)




For this however, we need a consistent estimate of ¯3 which we obtain by estimating
equation (11) under the assumption that ¯4 = 0.
22Table 1: Descriptive Statistics- Teacher variables
Math Science
303 teachers 355 teachers
Variable Mean SD Mean SD Di®erence
Teaching practices
Lecture style teaching (share of e®ective) 0.32 0.187 0.374 0.202 -0.054***
E®ective teaching (share of overall) 0.572 0.119 0.554 0.161 0.018
Teacher variables
Teacher is female 0.649 0.473 0.540 0.496 0.109**
Full teaching certi¯cate 0.970 0.163 0.957 0.188 0.013
Major in math 0.473 0.492 0.099 0.294 0.374***
Major in science 0.146 0.348 0.584 0.486 -0.438***
Major in education 0.598 0.483 0.456 0.491 0.142***
Teacher younger than 30 0.119 0.322 0.143 0.349 -0.024
Teacher aged 40-49 0.293 0.452 0.335 0.469 -0.042
Teacher at least 50 0.315 0.462 0.299 0.455 0.017
Teaching experience < 1 year 0.043 0.201 0.042 0.199 0.001
Teaching experience 1-5 years 0.178 0.370 0.224 0.404 -0.046
Teacher training 0 years 0.102 0.301 0.154 0.359 -0.051**
Teacher training 1 year 0.578 0.491 0.523 0.497 0.055
Teacher training 2 years 0.209 0.404 0.193 0.392 0.016
Teacher training 3 years 0.039 0.192 0.048 0.213 -0.009
Teacher training 4 years 0.056 0.228 0.035 0.184 0.021
Teacher training 5 years 0.008 0.090 0.039 0.193 -0.031**
Motivation
Pedagogy classes in last 2 years 0.748 0.431 0.648 0.472 0.100***
Subject content classes in last 2 years 0.840 0.364 0.827 0.374 0.014
Subject curriculum classes in last 2 years 0.830 0.372 0.853 0.349 -0.023
Subject related IT classes in last 2 years 0.729 0.441 0.803 0.393 -0.074**
Subject assessment classes in last 2 years 0.756 0.426 0.649 0.471 0.107***
Classes on improving student's skills last 2 years 0.759 0.424 0.766 0.418 -0.007
Working hours scheduled per week 21.119 8.276 20.159 7.291 0.960
Weekly hours spent on lesson planning 3.704 2.708 4.680 3.276 -0.976***
Weekly hours spent on grading 5.252 3.930 6.083 4.407 -0.830**
Teaching requirements
Requirement probationary period 0.502 0.493 0.496 0.479 0.007
Requirement licensing exam 0.526 0.493 0.558 0.479 -0.032
Requirement ¯nished Isced5a 0.891 0.307 0.824 0.371 0.067**
Requirement minimum education classes 0.833 0.368 0.777 0.399 0.056
Requirement minimum subject speci¯c classes 0.799 0.395 0.744 0.420 0.056
Note: Probability weights and within school correlation are taken into account when estimating means and




























































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































25Table 4: Estimation Results: Robustness Checks
Other De¯nitions
Def 1 Def 2 Def 3 Def 4
Lecture style teaching .108* .129** .104** .119
(.06) (.06) (.05) (.07)
Observations 6310 6310 6310 6310
R2 .037 .038 .038 .037
Subsamples
Same Peers Di® Peers No Track Track
Lecture style teaching .166 .0806 .0576 .139*
(.13) (.06) (.06) (.08)
Observations 2205 4105 3529 2292
R2 .103 .049 .073 .085
Heterogenous e®ects
Di® Background
Lecture style teaching .133* .162**
(math) (.07) (.07)




* p<0.10, ** p<0.05, *** p<0.01
Note: Clustered standard errors in parentheses. Dependent variables in all panels and columns are the
within student between subject di®erences in standardized test scores. All teacher variables, class variables,
motivation and teaching limits are included as controls. Upper panel: In Def 1 time spent re-teaching
and clarifying content/procedures is included in e®ective teaching and in lecture style teaching. In Def 2
e®ective teaching time includes taking tests or quizzes in addition to giving lecture style presentation and
problem solving. Lecture style teaching in column 2 is de¯ned in relation to the latter three. In Def 3
e®ective teaching is further divided into di®erent categories. Def 4 takes time spent on giving lecture style
presenation in relation to all other time-use categories. Middle panel: Separate estimation for di®erent
sub-samples: Column 1 only students with same classmates in both subjects, column 2 students with
di®erent classmates. Column 3 students who are tracked according to ability in either both or none of the
two subjects, column 4 students who are tracked in at least one of the two subjects. Lower panel: Column
1 and 2 allow di®erent coe±cients in the two subjects, column 2 includes student background as additional
controls. Imputation indicators are included in all estimations.
26Table A-1: Descriptive Statistics- Class Characteristics
Math Science
359 classes 734 classes
Variable Mean SD Mean SD Di®erence
Class variables
Class size 23.458 6.543 24.571 7.514 1 -1.113**
Student's tracked according to ability 0.550 0.480 0.171 0.363 0.379***
Spread of test scores 0.614 0.124 0.678 0.187 -0.064***
Teaching limits (reference not at all/not applicable)
Di®ering academic ability - a little 0.339 0.469 0.340 0.473 -0.002
Di®ering academic ability - some 0.330 0.466 0.321 0.466 0.008
Di®ering academic ability - a lot 0.204 0.399 0.174 0.378 0.031
Wide range of backgrounds - a little 0.308 0.456 0.277 0.447 0.031
Wide range of backgrounds - some 0.205 0.399 0.238 0.425 -0.032
Wide range of backgrounds - a lot 0.060 0.234 0.0778 0.267 -0.018
Special need students - a little 0.309 0.457 0.328 0.469 -0.019
Special need students - some 0.147 0.350 0.184 0.387 -0.037
Special need students - a lot 0.0642 0.243 0.081 0.272 -0.016
Uninterested students - a little 0.376 0.480 0.357 0.477 0.019
Uninterested students - some 0.276 0.443 0.298 0.455 -0.022
Uninterested students - a lot 0.172 0.374 0.161 0.365 0.011
Low morale students - a little 0.420 0.489 0.324 0.466 0.095**
Low morale students - some 0.199 0.395 0.262 0.438 -0.063
Low morale students - a lot 0.094 0.290 0.082 0.273 0.013
Disruptive students - a little 0.440 0.492 0.393 0.487 0.047
Disruptive students - some 0.228 0.416 0.291 0.453 -0.062
Disruptive students - a lot 0.109 0.309 0.142 0.349 -0.033
Shortage computer hardware - a little 0.140 0.343 0.236 0.423 -0.097***
Shortage computer hardware - some 0.197 0.396 0.207 0.404 -0.011
Shortage computer hardware - a lot 0.110 0.310 0.189 0.390 -0.079***
Shortage computer software - a little 0.168 0.371 0.294 0.454 -0.125***
Shortage computer software - some 0.146 0.350 0.198 0.397 -0.052
Shortage computer software - a lot 0.145 0.349 0.174 0.378 -0.029
Shortage support pc use - a little 0.181 0.380 0.217 0.411 -0.036
Shortage support pc use - some 0.148 0.351 0.185 0.387 -0.037
Shortage support pc use - a lot 0.089 0.282 0.137 0.343 -0.048*
Shortage of textbooks - a little 0.055 0.225 0.088 0.283 -0.034
Shortage of textbooks - some 0.045 0.205 0.044 0.205 0.001
Shortage of textbooks - a lot 0.011 0.103 0.083 0.275 -0.072***
27Table A-2: Descriptive Statistics- Class Characteristics (cont.)
Math Science
359 classes 734 classes
Variable Mean SD Mean SD Di®erence
Shortage instructional equipment - a little 0.180 0.380 0.314 0.463 -0.134***
Shortage instructional equipment - a some 0.123 0.326 0.193 0.394 -0.070**
Shortage instructional equipment - a lot 0.038 0.190 0.141 0.347 -0.103 ***
Shortage demonstrative equipment - a little 0.253 0.431 0.318 0.465 -0.065
Shortage demonstrative equipment - some 0.117 0.318 0.196 0.396 -0.080**
Shortage demonstrative equipment - a lot 0.044 0.203 0.189 0.391 -0.146***
Inadequate physical facilities - a little 0.148 0.352 0.219 0.413 -0.071*
Inadequate physical facilities - some 0.051 0.219 0.158 0.364 -0.107***
Inadequate physical facilities - a lot 0.030 0.169 0.131 0.337 -0.101***
High student teacher ratio - a little 0.230 0.417 0.292 0.454 -0.062
High student teacher ratio - some 0.132 0.335 0.204 0.402 -0.071**
High student teacher ratio - a lot 0.091 0.285 0.129 0.334 -0.038
Note: Probability weights and within school correlation are taken into account when estimating means
and standard deviations. Class variables are weighted by the number of students in each class.
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